Abstract: This paper presents a case study and a model to predict maintenance interventions based on condition monitoring of diesel engine oil in urban buses by accompanying the evolution of its degradation. Many times, under normal functioning conditions, the properties of the lubricants, based on the intervals that manufacturers recommend for its change, are within normal and safety conditions. Then, if the lubricants' oil condition is adequately accompanied, until reaching the degradation limits, the intervals of oil replacement can be enlarged, meaning that the buses' availability increases, as well as their corresponding production time. Based on this assumption, a mathematical model to follow and to manage the oil condition is presented, in order to predict the next intervention with the maximum time between them, which means the maximum availability.
Introduction
Public transportation, in general, and city bus passenger transportation, in particular, represents an important alternative to the use of individual transportation. For this reason, it is essential to focus on the quality of service provided by the public transportation network in order to make it attractive for their users.
Currently, public transportation users are increasingly demanding about the quality of service, so the maintenance stands out as a competitiveness key factor.
Condition monitoring maintenance is the maintenance carried out by using an evaluation of the equipment state, that appeared in the 70s and 80s to designate a new approach to planned maintenance based on condition monitoring techniques [1, 2] .
According to Pinto [3] , the implementation of a condition monitoring system requires investment in equipment, specialized human resources, and specific knowledge. These systems are supported by computer tools that enable, in an efficient way, the analysis, study, recording and control of the data obtained, and also the establishment of some fault trend curves.
In condition monitoring, a common practice is based on recording the equipment condition, reading data in regular intervals and, when the data reading is greater than a value previously defined, the physical asset supervised is considered in fault and a Working Order is launched. In spite of that, they have not been paying enough attention to the relation between that critical interval and their costs reduction potential [4] .
Maintenance, in general, and the condition monitoring, in particular, aims to combine increase of reliability with the lowest costs possible, being direct or indirect. In this type of maintenance, Some relevant topics about related works on condition monitoring and predictive maintenance based on oil analysis, in urban buses fleets, are mentioned and discussed in [22] [23] [24] [25] [26] .
Multivariate statistics are also useful because oil analysis involves several variables. An approach like this may help with the diagnosis of the health of diesel engines. Additional references are referred in [27] [28] [29] .
This paper presents an approach to the analysis of lubricating oils for Diesel engines, through mathematical and statistical models, namely: exponential smoothing; t-Student distribution; and hypotheses tests validated on some models of urban buses, as it is described throughout the paper.
The paper starts with a global analysis on the importance of oil analysis in predictive maintenance based on condition monitoring. After that, examples of spreadsheets of oil analysis, with emphasis on some important variables, are presented.
Based on the preceding approach, the paper follows the next steps:
• First, the mathematical model to help predicting the next intervention based on Exponential Smoothing, the variable Fe is summarily presented as example; • Due to the variation of the variable Fe, a t-Student distribution with bilateral test of hypotheses is used; • Then an example using several values for smoothing parameter and some levels of significance is presented; • Finally, the influence of the maintenance policy, namely the predictive in the reserve fleet is discussed.
Condition Monitoring with Prediction through Oil Analysis
The main physical feature of lubricating oil is viscosity and its variation with temperature, given by the viscosity index and the density.
In recent years, there has been a demand for high-performance engine lubricants, especially in the aerospace and automotive industries. This has led to the development of synthetic lubricants which can be maintained at high temperatures without decomposition and have a low risk of combustion.
The synthetic oils are produced using highly refined processes and sophisticated formulations. They derive from synthetic compounds based on PAO (poly-alpha-olefin), non-synthetic PAO, esters, alkylated naphthalene, and alkylated benzene. The use of synthetic oils has become more important in areas where the use of mineral oils does not meet the required needs.
Lubricating oils can cause serious environmental problems if they are discharged indiscriminately, polluting rivers and groundwater. The improper burning of oil adds oxides and toxic gases to the atmosphere. Accordingly, the manufacturers of additives and lubricating oils have been developing products with a longer lifespan, as this tends to reduce oil discharges along the equipment's life cycle.
A key feature of lubricants is their behaviour with increasing temperature: the temperature and pressure are often high. The oils undergo a change when the temperature increases, and their degradation under operating conditions is a problem involving significant economic losses. To report certain special properties of the oil, or to improve the existing ones, especially when the lubricant is subjected to severe working conditions, chemicals are added (additives). The degradation of a lubricant is not an instantaneous process-the loss of its physicochemical properties and contamination are progressive over time and with the use of equipment along its lifetime. Lubricant degradation is affected by the following: oxidation; viscosity variation; contamination; loss of additives (anti-corrosion, anti-wear, dispersing agents, etc.) [30, 31] .
Today's high-performance lubricants do more than simply reduce friction and wear: they control the generation of deposits, control airborne contaminants, protect against corrosion, have a cleaning function, and maintain the proper operating temperature [30, 31] .
Oil Analysis
Under certain conditions, a lubricant can deteriorate and no longer fulfil its intended function. It is generally a function concerning the length of the service, the temperature of the system, the environmental conditions, or the stress that it is suffering from, which can often be traced to the presence of dirt or water, acidity, insufficient flow, or inappropriate levels of viscosity. Any of these can cause lubricated components to malfunction. Even when the lubrication system is well designed and maintained, breakdowns can occur in the component, resulting in the deterioration of the lubricant. The deterioration can be chemical or physical, generated internally by the lubricant or by external phenomena. Physical deterioration, often called contamination, materializes as foreign matter in the lubricant, such as water, foundry sand, weld slag particles, metal shavings, dust, and abrasive wear particles.
Lubricant analysis is regularly performed in some industries [31] . It involves four basic steps:
1. Obtaining a sample
Collection of a representative sample of a lubricant, observing certain precautions such as using clean and dry containers; taking extreme care during collection to prevent external contamination; taking samples at operating temperatures [30, 31] .
2. Identifying a relevant sample. 3. Performing physical-chemical analysis:
Degree of physical and chemical deterioration, i.e., the degree of contamination and degradation, can be evaluated using a set of standard and specialized tests, such as measuring certain properties and comparing these with a baseline value.
Analysis can measure several properties of the lubricant and evaluate their degradation. These include antifreeze; appearance; fuel; content water; soot; nitration; oxidation; sulfation; viscosity; viscosity index; Total Base Number; wear metals (Al content, Cr, Fe, Mo, Na, Ni, Pb, Si, Sn, V); particles.
Particle Quantification (PQ Index) is the measurement of total ferrous (Iron) particles present in the sample. PQ does not take into account the size of particles. The ferrous is detected via magnetic fields and is dependent on the type of laboratory equipment used. They will determine how the measurement is taken. Regardless of this, the generated reading will report the total concentration of the magnetic particles in that sample.
PQ Index can be used to measure ferrous wear metal particles in oil, grease, and coolants. PQ analyzers have no units and can be thought of as mass ferrous particles per mass of oil (Mass/Volume). PQ does not take into account particle size; we need to use the iron (Fe) readings of the elemental analysis to figure out when the concentration level is above 10 µm. This is where the PQ information can be very useful, especially in components that are starting to show fatigue signals or have large internal wear indicators starting to appear rapidly.
Interpreting results-diagnosis. 5. Validating diagnosis:
Frequency in which each lubricant ought to be checked depends on various operational factors such as: importance of the equipment; total time of service; scale of production; security; time until failure after detection.
In this section the analysis of service lubricants is addressed, by monitoring the evolution of the degradation of the Diesel oils in the bus fleet, that will have three well-defined phases:
1.
In the first phase, the vehicles targeted for analysis and monitoring in the evolution of the degradation of the oils will be selected-this monitoring will be done through the periodic collection of oil samples of the selected vehicles and they will be sent to a proper place for their analysis;
2.
In the second phase, an in-depth study of the results obtained in the analyses, as well as of the prediction algorithms to be used, will be carried out; 3.
In the third and final phase, an analysis of planned maintenance aiming its improvement will be made. This shall take into account the results obtained in monitoring the evolution of oil degradation-this phase will also serve to present proposals for the improvement of planned maintenance schedules and the reduction of costs that come from it.
This monitoring was done through periodic collection of oil samples from the various vehicles selected and, since there was a small number of samples collected during the period in which this monitoring was developed, the need to use data from older samples belonging to the same homogeneous group was felt. In this research, 10 standard (12 m) urban passenger transport vehicles of three different brands were studied, having been analyzed and studied, 60 oil samples.
These samples helped supporting the studies carried out and proved the relevance of the oil analysis to predictive maintenance based on oil condition monitoring as well as to support new maintenance planning to be used by the company in the future.
These samples were sent to a laboratory located in a European country, with all the characteristics of the vehicle and the oil, such as:
• These analysis reports allow them to control various properties of the lubricants and to evaluate their degradation throughout the life cycle of the equipment. From them, they can also follow the history of the analysis carried out over time. These include: antifreeze; appearance; fuel; content water; soot; nitration; oxidation; sulfation; viscosity; viscosity index; Total Base Number (TBN); wear metals (Al content, Cr, Fe, Mo, Na, Ni, Pb, Si, Sn, V); particles. Figure 1 illustrates the history of the diverse variables studied. The data collected was entered into an Excel spreadsheet, in order to create a database where they could be easily analysed. Figure 2 shows an Excel database example, per vehicle. In this figure, the historical data of the collected analysis referring to the equipment can be verified, as well as the identification and the characteristics of the vehicle studied. The data collected was entered into an Excel spreadsheet, in order to create a database where they could be easily analysed. Figure 2 shows an Excel database example, per vehicle. In this figure, the historical data of the collected analysis referring to the equipment can be verified, as well as the identification and the characteristics of the vehicle studied. 
Number Fleet 287
Registration The data entry is no more than the various results obtained when analyzing the variables that characterize the lubricants. In this phase, the variables were analyzed using the method presented in Section 4, which allows monitoring the evolution of oils degradation.
All variables were studied. However, this paper will only focus on those which were considered the most important for the monitoring of the degradation of oils, which are: Therefore, for the study of the variables used as reference, the limits made available by the laboratory were used, as can be seen in Table 1 . The Iron content (ppm) was considered one of the most important variables and, because of that, one that was thoroughly studied. This allowed us to draw several conclusions on the state of oil degradation and the equipment, which will be described later.
Oil Analysis Changes through Prediction
In the first step, the exponential smoothing method of the iron content (Fe) was applied in order to determine the evolution of its degradation, as can be seen in Table 2 and Figure 3 . The table and graph show a clear degradation in the iron content of the analysed oils. Obviously, the prediction of the next values will involve increased degradation. When this variable has values like those shown in the table, the oil must be replaced, because the equipment is at a high risk level. The main formula for exponential smoothing is given by:
A smoothing parameter, β corresponding to the history of the variable of concern is required to forecast its value in the next period [32] .
0 ≤ β ≤ 1 where: S t+1 is the forecast for the next time; X t is the real value recorded in the present time; S t is the forecasted value for the present time; β is the smoothing parameter. to determine the evolution of its degradation, as can be seen in Table 2 and Figure 3 . The table and graph show a clear degradation in the iron content of the analysed oils. Obviously, the prediction of the next values will involve increased degradation. When this variable has values like those shown in the table, the oil must be replaced, because the equipment is at a high risk level. The main formula for exponential smoothing is given by:
A smoothing parameter, β corresponding to the history of the variable of concern is required to forecast its value in the next period [32] . 0 ≤ ≤ 1 where: St+1 is the forecast for the next time; is the real value recorded in the present time; St is the forecasted value for the present time; β is the smoothing parameter. In the second part of the development of algorithms for the model, the data was analyzed using the t-student distribution, n ≤ 30, [10] .
where, µ Is a fixed value used for comparison with the sample mean; X Is the average sample; t α Corresponds to the critical T;
S Is the sample standard deviation; n Is the sample size.
where t α corresponds to the critical t of a tail, considering the desired confidence interval, and the degrees of freedom n − 1. Next, we followed up on the evolution of the degradation of this variable using the t-student distribution. The goal was to estimate the average value of iron (Fe). As Table 3 shows, the average of Fe content was 51 (ppm). This is above the upper normal limits, suggesting a high level of degradation. Note that through additional methods, like the t-student test, it is possible to calculate other important data, such as the sample mean, sample standard deviation, and upper parameter limit for several confidence intervals. Table 3 . Application of t-student test to iron content-Fe (ppm). Lastly, bilateral tests of hypotheses for the value of µ were used:
Content Fe (ppm) t-Student
µ is considered a random variable whose distribution for small samples (n < 30) is given by:
In general, σ (standard deviation of the population) is unknown. The process is the following:
• A one-tailed test uses one threshold value (associated with the chosen significance level) and rejects the hypothesis H 0 -where T > T critical-when the value of the modulus calculated for the t statistic exceeds the critical value.
Finally, the average population of the iron was estimated by the following significance levels: 0.001; 0.01; 0.05; 0.1; 0.2. As Table 4 shows, with a value of 80 (ppm) and a confidence interval of 99%, the hypothesis H 0 is not rejected. But with a 90% confidence interval, H 0 will be rejected because the value of t (1.59) is higher than the value of the confidence interval (1.41). Furthermore, with a confidence interval of 80% (0.90) and a sample average of 51.00, the average value is 37.59. 
Discussion
With this condition monitoring model several variables can be evaluated, which can help understanding the evolution of the degradation state of the oils. The models exemplified here were applied in three ways:
1.
Individually, to all vehicles (all parameters); 2.
Homogeneous groups of different vehicles (all parameters); 3.
To the groups of vehicles that use biodiesel as fuel (all parameters).
The exponential smoothing was applied to the iron content (Fe) variable for a bus number XX 3 to determine the evolution of its degradation. When this variable has high values, the equipment is at a high risk level, and the oil must be changed. The second model applied to monitor the degradation of the iron content was based on the t-student distribution: it estimates the average of iron content (Fe)-the average content is 99.80 (ppm).
It is also possible to calculate more information, such as the sample mean, the sample standard deviation, and the upper limit of the parameter to determine the confidence intervals. If the value of 150 (ppm) is found in the iron content variable with a 99% confidence interval, the hypothesis H 0 is not rejected. But, if the confidence level is 90%, H 0 is rejected. The value of t (2.35) cannot be greater than the value of the confidence interval (1.53).
If the value of t is used from the t-student table with 80% confidence interval (0.90) and a sample mean of 99.80, a mean value for a population of 70.48 is obtained.
Because of the oil itself and the great influence that it has on the diesel engine's condition, the accompaniment of its degradation permits us to maximize the bus availability itself and the bus fleet in general.
The paper demonstrates that by using condition monitoring maintenance, the intervals of the interventions of which can be increased which can, consequently, increase the bus fleet availability, reducing the maintenance costs. Through this study, it was possible to increase the intervals of some models of buses of this company, having as reference intervals of 20,000 km between oil changes. The new intervals are of 25,000 km between each substitution. With this change, a lot of the maintenance costs were reduced. Table 5 shows the data concerning the company studied, such as the number of buses that constitutes the fleet, their availability, the need of buses for production, the number of buses under maintenance, and the number of buses that correspond to the reserve fleet, based on a systematic preventive maintenance policy. Figure 4 (radar map) shows the Availability versus Production Requirement (buses necessary to carry out the careers) of the company during a year. 
Conclusions
This paper shows how the implementation of a condition monitoring based maintenance policy may maximize the physical asset availability, reduce the costs of maintenance, as well as overcharges, and provide an additional guarantee of reliability.
It also shows how some variables, such as soot and iron content, enhance the condition of diesel engines. The analysis can be extended to include other variables. 
It also shows how some variables, such as soot and iron content, enhance the condition of diesel engines. The analysis can be extended to include other variables.
The paper demonstrates that monitoring oil condition can increase the availability of equipment and improve fault prevention by allowing early intervention in its degradation. It also demonstrates that the implementation of a condition monitoring based maintenance policy, using oil analysis, has huge advantages for public transport companies, including lower downtime, higher availability and, consequently, better service for users.
Additionally, this kind of maintenance policy contributes to the rationalization of the size of a reserve fleet.
Finally, the methodology can be used for many other types of physical assets. 
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